In today's rapid changing and highly competitive business environment, innovation is broadly recognized as a powerful competitive weapon. Innovation is a dynamic process that needs continuous, evolving, and mastered management. Thus, companies need to monitor and measure their innovation capacity to manage the innovation process. Yet, there is lack of a psychometrically valid scale for innovation capacity construct in the current innovation literature. The purpose of this paper is to develop a reliable and valid scale of measurement for innovation capacity. To test its unidimensionality, reliability, and several components of validity, we used data collected from 175 small-and medium-sized enterprises (SMEs) in Iran and performed a series of analyses. The reliability measures, exploratory and confirmatory factor analyses, and several components of validity tests strongly support a four-dimensional scale for measuring innovation capacity. The dimensions are knowledge and technology management, idea management, project development, and commercialization capabilities.
Introduction
Rapid changes in technologies and globalization process altered the former rules of competition and innovation becomes more and more essential for companies to remain competitive [1, 2] . Innovation in the form of new or improved products and processes can be an important source of market and cost advantages for a firm, and it also can increase demand by product differentiation and enhance the firm's ability to innovate [3] . Innovation is different from generating an idea or a method of doing works. Instead, innovation should be regarded as a sustainable and continuous process [4] . Companies have to commit to permanent and concurrent innovation creation as it is the critical driver in search for competitive advantage [5] . Continuous innovation creation, in fact, becomes reality for a company through an on-going and dynamic process of developing and improving new or existing products, processes, technologies capabilities, and management practices [4] . Based on the dynamic nature of innovation process, assessment of the innovation capacity becomes a key concern to ensure continuous development of these management efforts [2] .
The issue of quantifying and assessing innovation process and its practices is an important and complex issue for many companies [6] . An important challenge is to measure the complex processes that affect the organization's innovation capacity, in order that they can be optimally managed [7] . Measurement of the innovation capacity is critical for both practitioners and academics, yet the literature is characterized by a diversity of approaches, prescriptions, and practices that can be confusing and contradictory [8] . Empirical studies have found that many organizations tend to focus only on the measurement of innovation inputs and outputs in terms of cost, speed to market, and numbers of new products and disregard the processes in-between [7] [8] [9] . From a systemic standpoint a strong limitation exists: the activities linking 2 Advances in Decision Sciences the inputs to the outputs of the innovation process are not evaluated [2] . Thus, the focus of this study is on the innovation measurement based on the innovation activities and efforts rather than innovation process outputs or inputs.
The purpose of this study is to develop a reliable and valid scale for the measurement of innovation capacity based on innovation activities and to assess its psychometric properties. The remainder of this study is organized as follows. In Section 2, the literature related to innovation measurement is briefly reviewed. The methods employed for measurements, sampling, and data collection are explained in Section 3. In Section 4, the results of data analysis by both descriptive and inferential methods are described, while Section 5 provides a discussion on the findings. Finally, Section 6 presents concluding remarks.
Innovation Measurement
Substantial research has been conducted in the field of innovation measurement in country and firm levels [2, 32] . To consider the innovation process as inputs, activities, and outputs, most of the studies have evaluated the innovativeness of a firm based on the innovation process inputs or outputs [10, [33] [34] [35] [36] . However, this approach to innovation measurement has some drawbacks, particularly in the cases of small and medium enterprises (SMEs) and companies of developing countries.
The level of research and development (R&D) expenditures has repeatedly been used as the overall measure of innovativeness of firms [8, 9] . In actual fact, R&D is an input to innovation process which does not essentially lead to innovations [37, 38] . The R&D expenditures may have resulted in overestimation of innovativeness capability measure since it takes account of unsuccessful R&D efforts [9] . Furthermore, all new products and processes are not necessarily created in R&D laboratories [39] . Innovations can be originated from either a specific problem or a self-discovery idea, which eventually turned the idea into unexpected profitable outcome. In this case, evaluating innovativeness through R&D expenditures will underestimate the level of innovativeness [9] . In conclusion, it is notable that R&D data used as an innovation indicator tends to favour large firms compared to SMEs due to the fact that SMEs' R&D efforts are often informal in which they may not record them [38, 40] or are infrequent [39] .
One of the intermediate output measures which has repeatedly been used as the global measure of innovativeness of firms is patent data. However, patent measures inventions rather than innovations [37, 41, 42] . Innovation is the conversion of an invention into a useful and marketable new or improved product or process. Measuring innovation by using patent data risks overestimating the level of innovativeness by counting those inventions that have not been transformed into marketable innovations. [9] . Furthermore, the tendency to patent varies between industries [39] . For various reasons (e.g., high costs, difficulties in patenting process, relatively high imitation costs, etc.) some companies prefer to protect their innovations by other appropriate methods such as maintaining lead time over rivals, industrial secrecy, and technological complexity [38, 43, 44] . Since not all innovations are patentable, patent data is thus an imprecise measurement of innovation capability [9] .
Past literatures indicate there are two output-based approaches in measuring a firm's innovativeness, through innovation count and firm-based surveys. The first method can be considered as an objective approach, where the information on innovation is collected and counted from various sources such as new product/process announcements, databases, and specialized journals [9] . The second method can be regarded as a subjective approach, where surveys and interviews on innovation are undertaken across firms [9] . However, both methods have limitations; the innovation count approach, in practice, tends to favour product over process innovations [37, 38, 45] and radical innovations over incremental ones [42] . Moreover, this method excludes failed innovations and avoids any comparative analysis of innovation successes and failures.
The major drawback of firm-based surveys is that the answer rates have vital role in the significance and the representativeness of the measurement results [46] . Another disadvantage of this method is related to its methodology, which measures newness or innovativeness of a firm by asking dichotomous questions: whether firms have been involved in innovation activities or otherwise. As noted by Amara et al. [47] , results of this type of questions indicated that the proportion of innovative firms has increased constantly and significantly during the last decade, about 80% in some countries. However, research findings based on this approach of innovation measurement are becoming less and less valuable since empirical studies are evermore delivering additional confirmation of prior results rather than shedding new light on the nature of innovation process and its related factors [9] .
In summary, this research was initiated as a result of the abovementioned gaps in the current innovation measurement approaches, which tend to focus only on the measurement of innovation process inputs and/or outputs. This study developed a scale for innovation capacity construct based on innovation activities and efforts of a firm. This new measurement method of innovation measurement is consistent with OECD's [3] recommendation for developing countries as "measurement exercises should focus on the innovation process rather than its output and emphasis on how capabilities efforts and results are dealt with" (p. 139).
Research Methodology
The innovation capacity scale was developed based on the Churchill's [48] guidelines in developing better measures. The procedures include specific domain identification; item generation; data collection; item purification; scale development; and scale qualification, as shown in Figure 1 .
Specifying Domain of the Construct. According to
Churchill [48] , the first step in developing a scale for measuring a construct is to delineate what should be included in and/or excluded from the definition of the construct. To delineate the domain of the innovation capacity construct, Szeto's [49] definition of innovation capacity was used as "a continuous improvement of the overall capability of firms to generate innovation. " Innovations may be manifested in different forms comprised of product, process, and organizational and marketing innovations [3] . This study focuses on product and process innovations. Moreover, the degree of novelty can vary ranging from the incremental improvements in existing products and processes to radical changes in the form of entirely new products and processes. This research included both improvements in the existing products and processes and generating entirely new ones. These four types of innovations are very close to the definition provided for the technological product and process innovation (TPP) in the 2nd edition of Oslo Manual [42] . The exception is that the manual excludes minor improvements, while we included those in the domain of this study. These are the dominant forms of innovations in the low and medium technological industries as well as in the SMEs in developing countries. It means that the scale developed in this study excludes organizational and marketing innovations. Based on the definition, the innovation capacity is concerned with the continuous improvement of innovation capabilities. The continuity of improvement is assumed to be gained through the continuous innovation efforts or engaging with innovation practices in a company. Thus, innovation practices are considered as the items or measures for evaluating innovation capacity for a firm.
Item Generation.
Literature review and expert survey were used to determine the innovation activities that potentially may improve the innovation capabilities. A list of innovation practices was extracted. The extracted items were investigated by a multidisciplinary consultant team and subject matter experts, involving the academics and practitioners in innovation as well as the SMEs. The context of measurement, the comprehensiveness and appropriateness of the items, and possible overlap items were examined. Consequently, some of the primary practices were eliminated, a number of new practices were suggested, and a few of them were combined.
A draft questionnaire was designed and the respondents were asked to specify the extent to which the practices are institutionalized in their company. A pilot test was performed in 10 industrial SMEs to improve the wording, sequence, appropriateness, and clarity. Finally, 24 items were developed as the measurement of innovation capacity construct, known as Innovation Practices (IPs).
Sampling Design.
The subcontractor SMEs of Iranian automaker companies were selected as the target population of this research. According to the UNIDO [50] , industrial SMEs have high potential to grow in Iran; activating this potential depends on improving the competitiveness capacity in these firms. Automotive industry is the second largest industry in Iran, following the oil and gas. It is the only industry in Iran, in which the backward linkage between large-scale companies and SMEs has formed very well [50] . In addition, all active firms in this industry should have the ISO-9000 and ISO-TS certificates as the minimum requirement. These certificates have formed some basic systems and procedures, which have facilitated the information generation, documentation, and accessibility. Thus, it was assumed that the respondents' tendency to participate in this survey as well as the quality of responses will be higher compared to the SMEs of other industries. A randomly selected list of 400 industrial SMEs in the automotive industry was prepared. To improve the response rate, the agreement of managers and/or expert members of involved companies was sought at the 7th International Auto Part Exhibition (29th of November-2nd of December 2012) to participate in this survey.
Data Collection.
A research questionnaire was organized to collect data. The questionnaire involved 3 groups of questions about (1) the demographic information of respondents and their firms, (2) the innovation practices, and (3) the state of innovation-related competitive performance of the firm. It is recommended that the respondents should be selected from individuals that are well matched to the context. In this research, the potential respondents were recognized as the managing directors, R&D managers, engineering managers, and well-informed experts based on the firm's decision. All the potential respondents were familiar with the topic of this study and were involved in the innovation process of their company. The questionnaire was distributed among the sample firms through an email, which contained the questionnaire as a web-based link as used by Forsman [51] . A reminder email was sent to those who did not respond 2 weeks after the first email. A total of 181 responses were received, among which 6 were ignored due to the significant missing data. Total of 175 questionnaires with 43.75% response rate were used for data analysis. The nonresponse bias was assessed by comparing means in the last quartile of responses and other three quartiles as suggested by Armstrong and Overton [52] . Results of the -test ( = 0.932, sig. = 0.353) verified the absence of significant nonresponse bias in the data. Table 1 shows summarized demographic information of the respondents and their firms. Based on the annual income, all the firms had more than 75% relation to the auto-part industry and had obtained ISO-9000 and ISO-TS certificates as perquisites of entry and extension of operation in the industry. Based on the OECD [3] definition, small-and medium-sized firms are those with 10-49 and 50-249 employees, respectively. In total, 84% of the firms participating in this study were mediumsized companies and the remaining were small sized. More than 85% of the respondents had 5-10-year experience; about 50% were well-informed related experts, and 50% were managing directors and R&D managers. All the respondents had academic education.
Data Analysis

Descriptive Analysis.
4.2.
Purifying the Generated Measures. Item purification is aimed at examining the extent to which the selected items actually belong to the domain of the innovation capacity construct. According to Churchill [48] , if all items in a scale are derived from the domain of a single construct, the responses to those items should be highly intercorrelated.
Conversely, low interitem correlations indicate that some items are not extracted from appropriate domain, thus producing errors and unreliability. As suggested by Churchill [48] , a simple method to improve the interitem correlations is to ignore items with low item-total correlation. When calculated using SPSS18, the item-total correlations were near zero for some items; thus, these items should be purified. Through an iterative process, items with correlation near zero or items that produced a substantial or sudden drop in the item-total correlation were deleted. The process was stopped when a set of items with improved homogenous correlated item-total correlation were obtained. In this stage, 5 items were dropped due to their low contribution to the total correlation. Purifying these 5 items resulted in 19 items with more improved item-to-total correlations, minimum value of 0.454, and better homogeneity across item-total correlations of the remained items. The final innovation practices (IPs) and some of their selected citations are illustrated in the appendix.
Exploratory Factor Analysis.
Due to the high number of remained variables to measure the innovation capacity (19 items), factor analysis was used to understand the structure and dimensionality as well as to summarize and reduce the variables. Factor analysis primarily had an exploratory purpose due to the insufficient empirical evidences on the dimensions and characteristics of innovation capabilities in the industrial SMEs in the literature.
To examine the appropriateness of the data for applying exploratory factor analysis (EFA), the sampling adequacy was evaluated by the Kaser-Mayer-Olkin (KMO) test. The value of 0.888 for KMO was greater than the recommended level of 0.50 [53] , which indicates that applying the EFA technique can be useful in grouping the IPs as a factor solution. Bartllet's test of sphericity (Approx. Chi-square = 3179.296, df = 171, sig. = 000) indicated the significance of interitem correlations. The significant interitem correlation denoted the possibility to explore a new factorial structure for original variables. In addition, examining the communality of variables revealed that all the variables were suitable to be involved in the EFA process as the communality was greater than 0.5 for all. The principal component extraction method was used to extract the variables' underlying factors. This method searches for the value of total communality, which is the closest to the total observed variances [54] . The EFA was conducted considering the eigenvalues greater than one, factor loadings greater than 0.45, and varimax as rotation method to identify the number of extracted factors. The results of the EFA showed that these 19 items were significantly loaded on 4 different factors, which was confirmed by the scree test. The percentages of explained variance of the 19 original variables were 21.821%, 18.094%, 20.464%, and 21.120% by F1, F2, F3, and F4, respectively.
The results show that a total of 81.498% variance of the 19 original variables was explained by the 4 extracted factors. Moreover, the minimum factor loading was 0.785, which is more than the minimum 0.45 [53] . These results, thus, lead us to accept the 4 extracted factors as the dimensions of innovation capacity construct (see Table 2 ). Finally, based on the interpretation of involved items in each factor and considering the factor loadings, the following names were deemed suitable for each of the 4 factors as dimensions of innovation capacity: IDM1   PDV   IDM1  IDM1  IDM1  IDM1  IDM1  IDM1  IDM1   1  2  3  4 · · · · · · · · · · · · Figure 2 : Innovation capacity as a second-order factor model. Based on the above mentioned results of EFA, Innovation capacity (INVCAP) construct can be considered as a second-order latent factor measured by the four dimensions ( Figure 2 ). Each dimension is in turn, measured as a firstorder latent factor by its related observed indicators.
Confirmatory Factor Analysis.
Confirmatory factor analysis (CFA) was used to assess quality-related criteria of the second-order model developed for measuring innovation capacity. CFA involves evaluation of an a priori measurement model, where the observed variables are mapped onto the latent construct according to theory. We did not have an a priori measurement model due to the insufficient empirical evidences on the measures of the SME's innovation capacity in the literature. However, we used CFA to verify different quality criteria of the developed model, since the measures were selected on the basis of prior conceptual and empirical studies [55] . Moreover, CFA is a powerful technique to assess quality of a measurement instrument, by providing quality criteria, which are not provided by EFA (e.g., the overall model fit indices and composite reliability). The results of CFA are presented and discussed in subsequent section.
Discussion of Findings
The objective of this research was to develop a model for measuring the innovation capacity construct, which is deemed crucial for further development of innovation research. The finding revealed that innovation capacity could be considered as a four-dimensional construct (INVCAP), including the knowledge and technology management, idea management, project development, and commercialization capabilities. Moreover, a second-order factor model was suggested for measuring the four-dimensional model of innovation capacity. In this section, the objective is to systematically evaluate the measurement properties of the secondorder measurement model. Achieving the objective requires testing the model in terms of the key component of qualitycontent validity, reliability, unidimensionality and convergent validity, and discriminant and nomological validity.
Content Validity.
We expected an acceptable level of content validity in the developed measurement scale as a result of using a logical process of scale development. The items were initially selected through an extensive related literature review, which improved the comprehensiveness and relevance of the items. The items were screened and validated by the subject matter experts, comprising the academics and practitioners. The context of measurement is innovation and SME sector. The experts examined the items in terms of appropriateness, applicability, overlap, and ambiguity. Finally, a draft questionnaire was designed, and a pilot test was performed on 10 managers or experts of the industrial SMEs as potential respondents to improve the wording, sequence, appropriateness, and clarity of the final version.
Reliability.
Reliability is defined as the extent to which a set of variables is consistent with what it is intended to measure [53] . To assess the reliability of measurement models, 6 [56] , item-total correlations [57] , indicator reliability [58] , and composite reliability [59] measures are used. Table 3 provides the various reliability estimates of the individual indicators and their respective latent variables (i.e., INVCAP dimensions). Coefficient alpha and composite reliability represent the internal consistency of the set of items for each dimension. As presented in Table 3 , values of coefficient alphas range from 0.924 to 0.940, exceeding the commonly accepted level of 0.7 [57] . The results thus demonstrate that, for each INVCAP dimension, the various indicators that constitute the scale are strongly correlated with one another. In addition, values of composite reliability estimates range from 0.918 to 0.939, exceeding the threshold level of 0.7 [60] . That is, for each latent variable, the trait variance accounts for more than 70% of the overall measure variance. Table 3 also shows the item-total correlation and indicator reliability for each of the indicators. Values of indicator reliability range from 0.541 to 0.915 and all are greater than the threshold level of 0.5 [60] . Similarly, all itemtotal correlations are greater than 0.5, indicating that each indicator correlates highly with the rest of the indicators purported to measure the same latent variable [57] . Taken together, the results in Table 3 provide empirical evidence for the reliability of the measures.
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Unidimensionality and Convergent Validity.
Unidimensionality refers to the existence of a single trait underlying a set of measures. Unidimensionality is achieved when the measuring items have acceptable factor loadings for the respective latent construct. Convergent validity is consistency in measurement across operationalization. Convergent validity is achieved when all items in a measurement model are statistically significant. Unidimensionality and convergent validity can be assessed simultaneously with a confirmatory factor analysis model [61, 62] .
In this study, the unidimensionality and convergent validity of the four first-order models were tested based on the results of exploratory factor analysis (EFA). The EFA results ( Table 2 ) demonstrated that all the 19 original variables were loaded on 4 dimensions, and all the loadings had high values between 0.785 and 0.944. The values are much higher than the recommended value of 0.45 [53] . Additionally, the entire loadings were significant at value = 0.001. In addition, confirmatory factor analysis (CFA) was used to assess unidimensionality, convergent validity, and overall model fit of the second-order model depicted in Figure 1 . The result of CFA is summarized in Table 4 .
When judged by the Chi-square statistic alone, the fourdimensional second-order model does not provide a good fit to the data. Although the normed 2 is within an acceptable range ( 2 /df < 2) [58] , NFI (0.921) and CFI (0.963) are greater than 0.9 and GFI fell short of the threshold level of 0.9 (GFI = 0.864).
As can be seen in Table 4 , value is 0.366 for one of the dimensions (KTM), which indicates relatively weak values are greater than threshold 0.45 and also the entire second-order factor loadings ( ) are statistically significant with associated -values at < 0.001. In addition, the residual standard matrix indicates no cells of residuals over 2.58, the threshold level suggested by Jöreskog and Sörbom [63] . Taken together, all of the key statistics provide a consistent support for the unidimensionality and convergent validity of the four-dimensional second-order model for measuring innovation capacity construct.
Discriminant Validity. Discriminant validity refers to
the extent to which measures of a latent variable (i.e., each INVCAP dimension) are unique and thus differ from measures of other constructs. In this study, three different procedures are adopted to assess discriminant validity: the Chi-square different test, confidence interval test, and variance extracted test.
Chi-Square Difference Test.
With the Chi-square different test [64, 65] , assessment of discriminant validity is achieved by completing a series of pairwise tests comparing the two unconstrained (model 1) and constrained (model 2) models. The objective of these tests is to examine whether correlation between any two dimensions is significantly different from unity. In model 1, the covariance between two dimensions is unconstrained. That is, the dimensions are allowed to covary. In model 2, the covariance between two dimensions is constrained to one. A significant lower Chisquare statistic for model 1, when compared with model 2, provides support for discriminant validity. Table 5 summarizes the results of six pairwise comparisons of four INVCAP dimensions. Estimates of betweendimension correlations ( ) range from 0.197 to 0.567, providing preliminary evidence that the dimensions are not perfectly correlated with each other. As can be seen from Table 5 , the values of 2 difference, each with one degree of freedom, range from 29.366 to 47.386 . Given that the critical value of the Chi-square is 10.827 at = 0.001, all six Chi-square differences are statistically significant. That is, each of the unconstrained models provides a significant better fit than its corresponding constrained model. The Chisquare tests, thus, support the discriminant validity among the dimensions.
Confidence Interval Test.
In addition to the Chi-square difference test, a confidence interval test can be used to assess discriminant validity [64, 65] . This test involves establishing a confidence interval of two standard errors around the correlation between a pair of latent variables of interest. Evidence for discriminant validity is provided when the interval does not include 1.0. Table 5 presents the correlation estimates ( ) for six pairs of dimensions and the standard error for each estimate. The confidence interval for KTM and IDM dimensions, for instance, can be calculated as [0.259 − (2 * 0.079), 0.259 + (2 * 0.079)] = [0.101, 0.417]. As shown in the table, the confidence intervals were computed for each pair of variables. None of the intervals include the value 1.0, suggesting that it is unlikely that the true correlation between the dimensions is 1.0. Accordingly, the results of the confidence interval tests are also supportive of discriminant validity.
Average Variance Extracted Test.
With the average variance extracted test, estimates of the average variance extracted are first computed for two dimensions of interest [66] . The estimates are then compared to the square of the correlation between the two dimensions. If both average variance extracted estimates are greater than the squared correlation, the test provides evidence for discriminant validity.
The average variance extracted estimates are 0.779, 0.799, 0.710, and 0.768 for the knowledge and technology management, idea management, and project development and commercialization dimensions, respectively. These estimates are shown as on-the-diagonal elements in Table 6 . Squares of correlations ( 2) between four dimensions are also summarized as off-diagonal elements in the table. An examination of Table 6 indicates that, in all of six cases, variance extracted estimates are greater than the square of correlation. As all of the cases meet the requirement of the variance-extracted test, it can be concluded that the results provide evidence for discriminant validity.
Taken together, the three tests performed thus far are supportive of the discriminant validity for four INVCAP's dimensions.
Nomological Validity.
To test the nomological validity of the developed scale, it was hypothesized that the innovation capacity of a firm is one of determinants of competitive performance as noted throughout the literature [67] [68] [69] . To test the hypothesis, the competitive performance of a firm was measured through the product and process competitive performances. The product competitive performance was evaluated through 3 items, including the constant or increasing market share for the existing products, gaining a share of market for new requested products, and extending the variety of customers. The process competitive performance was assessed through 5 items, including the reduction of unit cost of manufacturing, improvement of the existing products' quality, the flexibility in production capacity, the increasing flexibility of production process, and finally reduction of time to respond to the customer needs [70] . All the items were measured by the five-point interval scales ranging from 1 to 5. The respondents were asked to specify the extent to which they were competitive in the performance item in comparison to their main competitors. The score for each performance (product and process) was calculated by the summation of its item's scores. Two simple regression models were used to examine the hypothesized positive relation between the innovation capacity construct as the independent variable and the product and process performance as the dependent variables. The findings of statistical analysis are summarized in Table 7 . As can be seen from Table 7 , both regression models are statistically significant at < 0.001. In both models, the coefficient of the innovation capacity (INVCAP) as the independent variable was positive with values of 0.569 and 0.577 and was statistically significant in the model based on the -values 9.131 and 8.088. The 2 values of the two models indicate that variation in the independent variable accounts for 32.3% and 33.3% of the variation in the product and process competitive performance as dependent variables, respectively. The above-mentioned results verify the nomological validity of the developed scale.
Conclusion
The main contribution of the study is the development of a new scale of measurement for innovation capacity construct, which is deemed important for further development of innovation research. This contribution is crucial as there is lack of a psychometrically valid scale for evaluation of the innovation capacity. The study findings suggested a 4dimensional measuring model to evaluate innovation capacity which includes knowledge and technology management, project development, idea management, and commercialization capabilities with high reliability and validity.
The findings are consistent with Christensen and Raynor's [71] study which shows that successful innovation is driven by two nearly orthogonal dimensions: discovery (ideation) and delivery (implementation). KTM and IDM relate to discovery in general, while PDV and COM relate to delivery. To test the model's reliability, unidimensionality, and discriminant and convergent validities, we performed a series of analyses using the data collected from 175 subcontractor SMEs in Iran's automobile industry. The reliability measures as well as unidimensionality and convergent and discriminant validity tests strongly support the proposed scale of measurement. In addition, the nomological validity was verified, suggesting its predictive validity.
Two major implications of this study are as follows. In the academic perspective, the study findings indicate that the innovation capacity of a firm can be measured using its innovation activities and efforts instead of innovation inputs or outputs. This approach to innovation measurement considers those activities and efforts that have not resulted in the innovation output yet. This type of innovative activities is the dominant way to incremental products and process innovation in the SMEs of developing countries.
In the perspective of practitioners, the developed scale can help firms in measuring and managing innovations as an important competitive weapon. The model suggests a practical way to measure organization's innovation capacity. A key managerial aspect of this scale is its focus on the activities that a firm needs to become innovative. Besides the firm managers, the external policy and decision makers can use this scale as a comparative measure. For example, large-scale companies as the customer of industrial SMEs (e.g., about 2000 subcontractors in Iran's automobile industry) can use this scale to discriminate and categorize the subcontractors for substantial decisions such as subcontractor selection for new product development (NPD) or assigning market share to a certain subcontractor. In addition to this, the policy maker and developmental organizations may employ the scale to determine their priorities for financial or training support.
Some limitations of this study should be acknowledged, which can open up opportunities for future research. First, all the measures including the measures of nomological validity are self-assessed and subjective. None are marketbased or based on objective financial reports, for instance. The reason is that such data are usually not available from 
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To improve proficiency of personnel and adequacy of organization's facilities in the commercialization area
Avlonitis et al. [25] , Atuahene-Gima [26] IP17 Adherence to a commercialization schedule and commitment to formal post-launch reviews Griffin and Page [27] , Von Zedtwitz [28] 
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Using of joint venturing and other financing methods to commercialize innovations Schoeman et al. [29] IP19 Monitoring competitors François et al. [30] , Lukas and Ferrell [31] the SMEs. Second, the scale for measuring the innovation capacity was developed and tested within the industrial SMEs of automobile industry. Thus, more studies should be conducted in other industries such as the electronic industry. Third, the single informant bias could be a concern as only one of the general managers, R&D managers, and engineering managers or a well-informed expert completed the questionnaire. Future research should attempt to address such concerns by asking two or more of the above-mentioned informants to complete the questionnaire. Finally, this study was conducted in the economic and industrial environment of Iran, which may be different from other developed or developing countries. Replication of this research in other countries can help to check and to validate the applicability of findings of this study in other parts of the world.
In addition, the scale developed in this study leads to further research opportunities in the field. One research opportunity is to examine the factors that could drive or hinder the innovation capacity of industrial SMEs. Sudhir Kumar and Bala Subrahmanya [11] investigated the influences of large-scale and the transnational corporations (TNCs) customers' contribution to the innovation capability of the industrial SMEs in India. Yet, other determinants of innovation capacity of the industrial SMEs should be identified and investigated in other countries. The second opportunity is to explore the performance of industrial SMEs resulting from their innovation capacity. A third opportunity is to design such research for large-scale companies where the financial reports and industry data are available. Using this data make it possible to compare the innovation capacity between SMEs and large-scale companies. The suggested areas for further study can potentially expand our knowledge in the field of innovation in the industrial SMEs.
